In all of science, the authors of publications depend on the knowledge presented by the previous publications. Thus they "stand on the shoulders of giants" and there is a flow of knowledge from previous publications to more recent ones. The dominating paradigm for tracking this flow of knowledge is to count the number of direct citations, but this neglects the fact that beneath the first layer of citations there is a full body of literature. In this study, we go underneath the "shoulders" by investigating the cumulative knowledge creation process in a citation network of around 35 million publications. In particular, we study stylized models of persistent influence and diffusion that take into account all the possible chains of citations. When we study the persistent influence values of publications and their citation counts, we find that the publications related to Nobel Prizes i.e. Nobel papers have higher ranks in terms of persistent influence than that due to citations, and that the most outperforming publications are typically early works leading to hot research topics of their time. The diffusion model reveals a significant variation in the rates at which different fields of research share knowledge. We find that these rates have been increasing systematically for several decades, which can be explained by the increase in the publication volumes. Overall, our results suggest that analyzing cumulative knowledge creation on a global scale can be useful in estimating the type and scale of scientific influence of individual publications and entire research areas as well as yielding insights which could not be discovered by using only the direct citation counts.
I. INTRODUCTION
Since the seminal work of de Solla Price [13] quantitative analysis of knowledge spreading through a network of scientific publications has become a matter of great interest. The analysis of bibliometric data not only sheds light on the structure of science and its knowledge accumulation, but also gives us insight into the citation distributions [40, 42, 47] , collaboration networks [4, 31] , geographical patterns of collaborations and citations [20, 24, 34] , and the structural changes that take place at the level of scientific fields [21, 43, 45] . Along this line of research, the citations between scientific publications are in the focus of interest and they can encode various meanings between publications [23] , but perhaps most often they indicate that some knowledge from the cited publication is being used in the citing publication [7] . Despite all this progress for more than half a century, a core question remains elusive: at the global scale, where is the knowledge going and where is it coming from?
The main research paradigm in the Science of Science has been to focus locally on the direct citations between a pair of publications. This thinking is exemplified by the literature on quality measures that are based on direct citations, such as the H-index [22] , the Journal Impact Factor [18] , and a number of others. Even though much attention has been given to the structural limitations of these methods [1, 3, 38] , the standard approach to overcome such limitations has been to introduce minor adjustments while still relying on the numbers of direct citations each publication/author/journal receives [5, 9, 10, 14] . This local paradigm is in contrast to the structure of science itself because science is a cumulative process where researchers "stand on the shoulders of giants", i.e., the results of each researcher are intrinsically based on a massive amount of previous work, not just the publications that are directly cited [7, 30] . Therefore, when one attempts to study the structure and behaviour of scientific knowledge accumulation, it is necessary to look at the whole process and not focusing only on a local area of the system.
In this work, we aim at answering the following question: starting from a publication or group of publications, where and how does its knowledge flow in a citation network if one looks beyond the direct citations? To answer this question, we study all the possible chains of citations, indicated by a citation network, the publications form. In particular, we introduce two stylized models for studying the flow of knowledge, i.e. the models of persistent influence and diffusion. These stylized models are complementary to each other and are computationally tractable even if they are applied to the citation network of all the scientific publications. Here, we use these models to study a comprehensive data set of around 35 million publications from most fields of science covering more than hundred years of making research (see Appendix A for details).
When we use millions of individual publications and different groups of them as the sources of information chains, we obtain a good general understanding of the knowledge flows in the citation network. When we compare the relationship between the direct citation counts and the total persistent influence of individual publications, we find that papers associated with Nobel prizes tend to outperform their peers with similar citation counts and publication years. Given that papers re-lated to Nobel prizes are expected to have a profound long-term impact on science, this result validates in part our global approach to model the spreading of scientific knowledge.
There are some previous works looking at the impact of citations beyond the local perspective, but often it was done from a very different starting point as compared to the present work. The spread of information has been studied through the adoption rates [25] , contagion models [26] , and diffusion [16, 48] , but these studies have either relied on small samples of the full citation network or of the aggregated networks. This is in contrast to our approach to model the processes on a comprehensive network of millions of publications, which allows us to track individual publications and where the processes are independent of any sampling or categorisation of journals and publications. Further, the PageRanktype algorithms have been used to rank publications [12] and individual scientists [41] in a set of physics journals. These PageRank-type methods are closely related to diffusion but they rely on random walkers that do not keep track of their origins and destinations, whereas we are interested in how the information from one publication (or collection thereof) is used in other publications.
In addition, it is possible to quantify the spreading of scientific ideas, or memes, between citing and cited publications [28] . Perhaps the closest work to ours is the study of in-components of individual publications in a citation network of physics papers [27] , which has enabled to pinpoint influential, but low-cited, publications of Nobel-Prize winners.
This paper is organised as follows. First we introduce the persistent influence model and use it to track the amount of influence the millions of individual publications have on all other publications downstream to them in the citation data we use. After summarising these results, we explore how the papers associated with a Nobel Prize perform in terms of persistent influence, and explore the publications whose rankings in terms of direct citations and persistent influence differ the most. Finally, we introduce the diffusion process and focus on the rate of diffusion out of scientific fields, subfields and journals, and how their speeds have changed over the years.
II. PERSISTENT INFLUENCE PROCESS
Our aim in this study is to model how the scientific knowledge percolates through the network of publications citing each other. Since the flow of knowledge within scientific publications is difficult to measure or quantify using available data, some simplifying assumptions are required. First, we assume that each publication is only using information that is present in the publications it cites, and the amount of intrinsic information it contains is negligible to it [32] . Second, we assume that each publication contains the same amount of information. Third, we assume that each of the cited publications In all panels, we show the same citation network where the nodes are publications and each edge corresponds to a citation with direction corresponding to the flow of knowledge from a cited publication to a citing publication. The square node marks the seed publication s. (a) The nodes and edges reachable from the seed node are in black and the others are in grey. (b) The nodes are coloured according to persistent influence I s→j (darker colours indicate higher values). Note that nodes with only a single in-edge inherit the influence value of the publication they cite, and the nodes with many citations outside of the reachable set of nodes (grey arrows) have in general low influence values. (c) The probabilities D s→j for a random walker (RW) that has started from the seed node to pass each node. Note that the publications published in the future have an effect on these diffusion probabilities: for example, the three nodes citing the seed publication each get value one third even though the last publication is published much later than the two others.
(d) The diffusion probabilitiesD s→j for finding the random walker in each node conditional to the random walker residing within the same time window as the node; the probabilities within each time window sum up to one. The citation network is divided into three time windows after the seed node that are separated by the dotted horizontal lines. Now, the publications published after the end of each time-window have no effect on the diffusion probabilities of nodes inside the time window. In the case that there are edges within a time window they are not considered when calculating the diffusion values for that window to avoid systematically giving higher values for nodes that are close to the end of the window (see the Appendix for details).
is equally important for the citing publication. Fourth, we assume that the information content of a publication can be presented as the weighted sum of information contents of the different sources, as opposed to some more complicated function. The above ideas are formalised in a simple persistent influence spreading process. Starting from a seed publication s, we attribute to it an initial value of influence I s→s = 1, while all the other publications have an initial value of 0. We then compute the influence of the seed publication on publications published after the seed by going through the publications in chronological order. Now, each publication can be directly influenced by the seed or inherit the influence of the seed through longer chains of citations. Assuming that each of the cited publications is equally important and that the influence can be summed, the rule for calculating the persistent influence of the seed publication s to publication j is
where Γ in j is the set of publications cited by j, and k in j = |Γ in j | is the number of references, or the in-degree, of publication j. The normalisation guarantees that the sum of influence that the cited publications can have on publication j is at most 1 in the case that all the cited publications also have persistent influence values of 1. For an illustration of this model, see Fig. 1 .
In the presented model, each citation in the reference list of a publication is considered equally important. This feature of the model has some consequences that are important to understand. A hypothetical publication with only one reference will draw all its influence from the cited paper as its scientific results are entirely based on that previous work. Similarly, a publication that is cited by a review publication that also cites hundreds of other publications has to share the attention with all of the other references, and only a small fraction of the information present in the cited publication is influencing the review.
When the process continues beneath the first few layers of publications in the chains of citations, typically a large number of papers become influenced by the seed node while the persistence influence values for individual papers become diluted. Now, instead of studying the persistent influence of the seed node to an individual paper, it is more meaningful to study the persistent influence of the seed publication to a group of publications. For instance, given a seed publication, one could compute an aggregated persistent influence value I Physics (t = 2019) by summing over the persistent influence values of all the publications published in physics journals during the year 2019.
A. Persistent influence in a random citation network
One can gain intuition on how the spreading process of persistent influence works by considering how the papers' influence scores develop in a simple model of a citation network. Let us consider a citation network where publications are published in generations, and they only cite publications of the previous generation [33] . Further, we assume that the number of publications n(t) in each generation t grows at a constant rate µ = n(t + 1)/n(t), and the maximum values of the in-and out-degree distributions are always small compared to the current system size n(t). Now, if the in-and out degrees of papers are statistically independent, the sum of the influence values of all the papers in generation t + 1 is on average given by:
where p(k in = 0) is the probability that a node has zero in-degree (i.e., it receives no citations). That is, the total influence of a paper to all future research grows or decays exponentially with the factor µp(k in = 0) or remains constant if the generation sizes do not change and there are no "dead-end" publications, or if these two factors counter each other out. In reality, the scientific input has been continuously growing (µ > 1) [36] , and thus we expect that on average the influence of early papers will grow. However, this is only the average picture. While some papers' influence values die out, others' grow faster than the average.
B. Empirical results
We will now apply the process of persistent influence to a citation network with millions of publications covering most fields of science. The data also contains information about the journal each publication is published in and the subfield classifications of the journals. This data is combined with a coarser field classification of the subfields and the information about the papers that led to Nobel Prizes [36] , see Appendix A for details. We begin by examining the persistent influence profile of a publication depicting how we can evaluate the cumulative influence of a paper on other papers, journals, and fields of science across time. Later, we move on to a large-scale analysis of source publications and assess the out-performance of papers related to Nobel prizes. Roy J. Glauber's seminal paper on photon correlations [19] was published in 1963, which eventually led him winning the Nobel Prize. Around nine years after the publication date, already 10 thousand publications can be connected to Glauber's paper through a chains of citations. The subnetwork containing these publications and the citations between them are visualised in Fig. 2a . Different subfields in this network of persistent influence can be seen to roughly organise to their own branches, and the developments within these subfields can be approximately assessed. For example, publications in interdisciplinary physics journals are seen to be the early ones citing Glauber's work, but after few years the publications in the sphere of influence are more and more in the journals categorised to more specific fields of physics.
As expected, the number of publications that could be indirectly influenced by Glauber's paper in the citation network grows exponentially, reaching millions of publications before 2008 that is already a significant part of all the publications in the data set (compared to 473 direct citations). The size and topology of such a large subnetwork may be of little practical interest, but the persistent influence values are still meaningful: Even though a massive number of publications could be influenced through chains of citations on long time ranges, most of the persistent influence values are extremely small.That is, even for the long time ranges, the influence is concentrated on a small subset of publications that can often be reached through multiple routes. By aggregating yearly influence The first ten thousand, or about 9 years of, papers and citations between them in the downstream network of Glauber's paper. The edges are coloured according to the subfield of the citing paper. In case of multiple subfields, the colour is chosen according to which of these subfield has the largest area in panel d. Glauber's paper is at the centre of the figure. The polar coordinates of the other publications are chosen so that older publications are closer to Glauber's paper, and the angles are determined using a force-directed layout algorithm. Panels b, d and f show the relative, aggregated persistent influence values of Glauber's paper on different groups of publications based on publication year. Panels c, e, and g show similar yearly sums for local influence values that have been calculated using only direct citations. Panels b and c show the relative distribution of influence among fields (F) of science ordered in decreasing order of area in the figure starting from the bottom. The most influenced fields are physics (green), mechanical (orange) and engineering (light blue)). Similarly, panels d and e show the influence on subfields (SF) with the most influenced subfields being optics (red), physics, and multidisciplinary physics, and panels f and g show the influence on journals (J) with Phys. Rev. A (light green), Phys. Lett. A (light purple), and Phys. Rev. Lett. (light orange) being the most influenced ones. Only the contribution of 8 largest fields/subfields/journals are shown and the rest is shown as light grey space. In panels g and h, we show the total influence at the resolution of one year, i.e., the sum of influence values I(t) for publications published in each year. The legend on the bottom corresponds to subfields, that is, panels a, d, and e.
values within the categories of publications, we can see in Fig. 2b,d ,f,h that these publications are mostly on fields and subfields which are known to be impacted by Glauber's work.
To illustrate the difference between the local viewpoint of counting direct citations and the persistent influence, we show a local influence profile calculated using Eq. 1 but only considering direct citations to the Glauber's original publication in Figs. 2c,e,g,i. At first sight, the most notable difference between the global and local profiles is that the global profile is much smoother than the local one. This is expected as if a field was influenced by a seed article, the articles from the field are also likely to cite the seed. However, a closer inspection reveals more subtle differences between the global and local profiles. The influence of Glauber's paper on publications categorised to fields (Fig.2b) shows a strong persistence in physics with a gradually growing contribution to fields called mechanical and engineering. This pattern is already stable after ten years in the persistent influence, but it is not visible in the local profile even though the second most influenced field, mechanical, starts to cite the seed publication later on. A similar effect of optics becoming prominent in the persistent influence much before it is picked up by the local influence profile can be seen when looking at the categorisation in the level of subfields ( Fig. 2d-e ). Going down to the level of journals we can see that the contribution to optics is mainly due to two journals: Physical Review A and Optics Communications, which once again are not as strongly present in the local profile ( Fig. 2f-g ).
The total persistent influence of Glaubers publication on publications published during each year grows (except for few years), but the local influence remains relatively stationary when one considers only direct citations. This observation is qualitatively in line with what would be expected based on the generational model defined in Section II A, because the persistent influence values are sensitive to the expansion in science that has happened at a rapid pace since 1963. However, it is not clear from this analysis if the rate at which the persistent influence grows is a typical example of a publication of that time or if this Nobel winning publication is somehow special.
System level analysis of seed publications
In order to gain insight into the relationship between the persistent influence and local citation count at the system level, we repeated the influence profile calculation described above for all the papers in our dataset published between 1970 and 2008 and having at least 20 citations. We chose 20 as the required number of citations primarily to limit the computational costs of our analyses while focusing on papers with significant scientific impact. In total, this amounts to approximately 6.2 million seed publications. To summarize the results, we focus on the total persistent influence that each publication gathers (I = t I(t)).
There is a strong positive correlation between the total number of citations C and the total persistent influence I a publication receives (Fig.3a) . However, at the same time there is large variation, up to several magnitudes, in the total persistent influence values of publications that receive similar numbers of citations. This dependence between the local citation counts and the globally computed persistent influence values resembles the results in Ref. [12] obtained for another global measure of publication importance. Further, this result indicates that the number of citations per se is not sufficient to fully summarize the persistent influence that a single paper has had within the scientific literature. Also, we see that older papers manage to gather a significantly higher amount of impact with the same number of citations. This is expected, as the older papers have had more time to gather cumulative influence among their scientific off-springs, and may also benefit from the growing system size.
To remove this advantage of the older papers, we calculate the total persistent influence that each paper gathers during the first 10 years since its publication date t 0 (I 10 = t−t0≤10 years I(t)). We have chosen to use 10 years as the limit so that there would be sufficient time for publications to gather citations and persistent influence. Note however, that if 5 years were used as the limit instead, the results would remain qualitatively similar. This partly removes the effect of the publication (a) The total persistent influence of a paper on average increases as a function its citation count, but citation counts alone can not explain the persistent influence values. Black dots correspond to individual papers, and the coloured markers show the total persistent influence value averaged over papers with similar citation counts and same publication year, I C,t. The crosses represent Nobel papers with the colours chosen according to the closest 10 years. (b) The same as in panel a, but with citations and persistence influence being aggregated only for the first ten years after the publication of each paper: C10 = C(∆t < 10y) and I10 = I(∆t < 10y). The average curves thus correspond to I10 C 10 ,t. (c) The distribution of total persistent influence values divided by the average total persistent influence of a group of papers with similar order of magnitude of citations (≈ 100). The inset shows the same distribution for publications with one order of magnitude less citations. The colour coding is the same as in panels (b) and (c). These corresponds to the distribution of aggregated persistent influence values for vertical slices of panel b. (d) The outperformance of Nobel-winning papers in total number of citations C/ C C 10 ,t 0 and total persistent influence I/ I C 10 ,t 0 when compared to a group of reference papers with similar publication years (t0) and numbers of citations in the first 10 years (C10). Now Nobel papers outperform their peers in 70% of the cases in terms of citations, but outperform their peers at even a higher rate (87%) in terms of persistent influence.
year, but older publications with the same number of citations are still seen to have slightly higher total persistent influence as compared to the newer ones (Fig.3b) . The remaining difference between the publication years might be due to other changes in the citation practices such as the increase in the length of reference lists, which causes the denominator in Eq.1 to reduce the amount of influence to a single citing paper. However, the distributions of persistent influence values of publications with the same number of citations within 10 years (C 10 ) have super-exponential tails that are relatively independent of the publication year (Fig.3c) . This shows that even on a time scale of 10 years, publications having similar numbers of citations can have varying scientific impacts when measured using the total persistent influence.
Performance of Nobel-winning publications
What are the publications that achieve higher persistent impact values than expected based on their citation count and are these publications somehow more important for science than the others? To begin to answer these questions, we studied 74 papers that were associated with a Nobel Prize [6] , which we assume here is a hallmark of scientific importance.
The Nobel prize winning papers mainly populate the top-right corner in Fig.3a -b, indicating that, generally, they tend to gather high absolute values of citations and influence. However, as many of them are among the few most cited papers in the data their persistent influence is not significantly higher than other papers with similar citation counts. Because the Nobel prizes are often given with a significant and growing delay [6] indicating that their significance is acknowledged only long after the original research is published, we divert our attention to the longitudinal aspect of the influence process. The idea behind this approach is to take a set of control papers which, at a certain point in time, are apparently equivalent to the Nobel paper and to compare the performance of the Nobel paper with respect to the control group at a later point in time. Practically speaking, we construct a set of control papers that have been published in the same year, t 0 , as the reference paper and have at most 10% difference in the citation count after 10 years, C 10 . We calculate the out-performance of a Nobel paper to its controls as the ratio I/ I C10,t0 , where I is the total persistent influence value of the Nobel winning publication and I C10,t0 is the average total persistent influence of the control papers. These out-performance values can be compared to the outperformance of Nobel papers in terms of total number of citations C/ C C10,t0 : Out of 74 Nobel papers 65 outperform their controls in persistent influence and 50 of them outperform the controls in citations (see Fig. 3d ), which makes the persistent influence significantly more likely to display outperformance than citation counts (p-value < 10 −4 for the hypothesis that 50/74 chances could have produced 65 or more successes). Furthermore, in 73% of the cases (54 papers out of 74) the persistent influence outperformance is greater than the citation one (again, the p-value < 10 −4 for the hypothesis that this difference was produced with a null model that gives equal probability for the persistent influence and citation count to outperform the other).
Based on the above numbers and the overall picture . Only the positive values of δ are shown, and the amount of probability mass in the negative side of the distribution can be read from the smallest shown value. Three categories of papers are considered: Nobel papers (red circles), Nobel control set of papers having the same publication year and being within 3% in citation volume (green squares), and papers selected uniformly at random from all papers (blue triangles). In case no papers were found within the 3% interval, the most similar paper in terms of citation was used as the control. (b) The same distributions as in (a) but using persistent influence values and citation counts after 10 years (i.e., I10 and C10 instead of I and C).
presented in Fig. 3d , it can be said that the Nobel papers outperform the controls in terms of persistent influence and citation counts, and that typically the outperformance of the Nobel papers is greater in terms of the persistent influence than citation counts. For some Nobel papers, the outperformance is smaller in terms of persistence influence but the difference to citation-count-based outperformance is then typically small. An interpretation of these results is that the Nobel papers often constitute the starting points of new growing areas of science that reach beyond the publications directly citing them, as one would expect from publications with influential results. This conclusion supports the finding of [27] , where the groundbreaking papers by important Nobel laureates were found to have large networks of child nodes spanning over multiple layers.
Using rankings to detect influential but low-cited papers
The raw values of the persistent influence and citation counts have fat tails, which can make the analysis very sensitive to outliers, and also depend heavily on the publication year. Instead of looking at these raw values, we will now use ranks as a more robust measure of publication importance. To this end, we order the papers published within the same year according to the citation count and persistent influence, and give each paper ranks R C and R I in terms of the citations and persistent influence, respectively, such that small rank means high value. We analyse the ranks by the publication year to avoid the biases due to higher values of citation counts and persistent influence for older papers. Now, we are primarily interested in identifying those publications that have high persistent influence values but have received relatively few citations over the years. To this end, we define the relative change in ranking as
Here we divide the absolute difference in rankings by R I to emphasize the publications that have low ranks in terms of the persistent influence: given two publications with the same absolute difference in ranks, the higher δ is given to the publication with more persistent influence. Fig.4a shows the cumulative distribution of δ values at different times for the 74 Nobel papers, a control group of papers within 3% of citations of each Nobel paper and uniformly randomly selected papers. The Nobel publications are seen to be much more likely to be among the publications that have high persistent influence but relatively low citation count than publications in either of the control groups. This effect persists when we use the 10-year persistent influence values I 10 and citation counts C 10 for computing the ranks (Fig.4b) .
The Nobel publications are overrepresented in the publications with high δ values, but what are the publications with the largest relative difference in the persistent influence and citation counts? Table I shows the publications with largest δ values for all the papers in our dataset. Some of these publications might be "forgotten beauties" in the sense that they have contributed to the development of several other important publications but were forgotten as these more prominent publications gathered all the citations related to the breakthroughs that were made. Indeed, such forgotten publications appear in the list. The publication with the highest δ score (#1) is related to DNA hybridisation techniques and is cited by several early publications in the emerging field of molecular biology, most notably by E.M. Southern's work on the Southern Blot, a widely-used method for identifying specific DNA sequences from DNA samples. The second, third and fifth are in the reference list of Sanger's Nobel Paper DNA sequencing with the chain terminating inhibitors which had a massive impact on the biological and medical sciences. Articles #5, #9, #15, and #21 are all linked to the identification, classification, or prediction of very well known diseases (Prostate Cancer, AIDS, Leukemia).
As expected, Biology is the main contributor to the list, due to it being the largest field in our dataset. However, unlike for the highest cited papers for each year where Biology is virtually the only field present (see Table  I in the Appendix), in this list diverse aspects of science are included. There are many papers from physics, with #4, #12, and #24 being linked to the discovery of High Temperature Superconductivity, while #11 and #30 are linked to the development of Carbon Nanotubes and, in general, of Material Science. #10 is among Amano's works that led to his Nobel Prize for the invention of efficient blue light emitting diodes. #25 is a small summary of the recent (at the time) discoveries in the mathematical field of Fractals, as it was among the few cited works in the famous Self Organized Criticality: An Explanation of 1/f Noise. Also, we can see contributions from Economics and Engineering with #27, which discusses a computer method able to improve the efficiency of production of industrially assembled products. #28 is one of the earliest attempts of statistical methods for assessing agreement between different clinical measurements.
Finally, the list also shows evidence of the relatively new field of complex networks, with #23 being among the earliest papers in the field and cited by virtually all the most significant early publications in the field. Overall, we can see how δ is able to describe the growth in the whole scientific field of certain discoveries/subfields/hot topics by being able to identify low cited papers that have been crucial in their early stages.
III. DIFFUSION
The persistent influence spreading method we just introduced is a simple and elegant method to model the spreading of knowledge in the citation network, but it is not the only plausible one. In the influence spreading, the tracked quantity can be copied, and the total amount in all publications can grow. Next, we instead define a diffusion method where the original mass placed on the seed node (or nodes) is always strictly conserved. This allows us to track the diffusion of ideas not only from single publications but across journals, subfields, and fields.
The idea behind the diffusion method is to start a random walker from a seed publication that is randomly selected from a set of seed publications, and then, at each step, let it move from a publication to future publications citing it (see Fig. 1 ). That is, if we have N seed papers we assign the same initial probabilityD s→s = 1/N to all of them, and calculate the probability that the random walker goes through the rest of the publications aŝ
where Γ in j is the set of publications cited by j, and k out i is the number of publications citing i (or, the out-degree).
Note that this process is sensitive to the time window we choose, as the future publications that we do not know about yet will change the degrees k out i , and thus probabilities of trajectories of the walkers. To negate this effect, we will focus on walks that have not passed beyond our observation year. That is, we only use the information available of each observation year, and the random walk process is re-calculated for each starting year and observation year pair. In addition, we are not interested in the raw probabilities of random walkers visiting the nodesD s→i , but on the conditional visiting probabilities D s→i (t) given that the walker is within given year t. Further, we will disregard any citations within each observation year to avoid emphasising the publications that are published towards the end of each year. It is also possible to define the model such that both the distribution of the initial mass and the diffusion process are based on the citations of the seed papers and of the child nodes. The results, although qualitatively different, are quantitively identical. See Appendix B for details about these methods and Appendix C for details of how the diffusion probability is calculated. 
Relationship to persistent influence
The equation for diffusion, Eq. 4, resembles the equation for the persistent influence, Eq. 1, but the similarity between these two runs deeper than that. In fact, the persistent influence values I s→i can also be considered in terms of a diffusion process that goes backwards in time.
That is, the persistent influence value starting from a single seed publication s, I s→i , is equal toD i→s in a network where the directions of the links are reversed and the diffusion process starts from the node i. In this sense, the two processes, the persistent influence and the diffusion are complementary to each other.
A. Empirical Results
When starting the diffusion process, we select a field, a subfield, or a journal and a starting time t 0 , and track the probability that the random walker is found in a field D F (t), a subfield D SF (t), or a journal D J (t) at time t (using a resolution of one year). This process is illustrated in Fig. 5a ,c,e for the initial field of economics (in 1970), the subfield of evolutionary biology (in 1980), and the British Medical Journal (in 1990). In the case of journal-level aggregation, the probability for finding the random walker in the seed journal equals one in the beginning. However, when aggregating results on the level of fields or subfields, papers can be associated with multiple fields or subfields. In this case, we initially split the total probability equally among all the fields or subfields the paper belongs to.
As the diffusion process progresses, the random walker jumps between publications that can be in different groups (i.e., fields, subfields, or journals) with the possibility of returning to the original one. However, as expected in any diffusion process, the random walker will forget its origin, and the amount of probability mass in the original group goes down monotonically as time progresses. This process is observed to be slow in the examples of Fig. 5a -c. For economics, the probability of finding the walker in other fields has not grown significantly even after 40 years of random walk. Similarly, for the subfield of evolutionary biology and British Medical Journal the walker is far from forgetting its origin during the observation period. These two initial groups seem to lose probability mass very fast to other groups in the beginning, but this fast phase is then followed by a very slow change, which is almost like a plateau compared to the initial rate of change.
In a stationary system, which the citation network is not, one would expect the diffusion eventually to completely forget its origin and settle to a stationary distribution. Furthermore, such stationary citation system would likely be ergodic, and the stationary state would be unique. The behaviour observed for the fields, subfields and journals do not reach such a unique stationary state, but they seem to be rapidly reaching a metastable state, where the probability of finding a random walker in a specific field, subfield or journal does not change much in time but where these probabilities are not independent of the origin. This observation could, for example, be explained by a network structure containing strong clusters where the random walkers get trapped for the time scales of the data.
B. Summarizing the diffusion curves
The above procedure of observing the diffusion patterns is very cumbersome if the goal is to get an idea of the system-wide behaviour of diffusion starting from different groups. In order to summarize the results of the patterns such as the ones presented in Fig. 5a ,c,e, we have looked only at the amount of value retained by each group. For each starting year t 0 , we observe the yearly values of the initial group D G (t) and normalize them with the initial value before any diffusion D G (t 0 ). We then fit each curve with an exponential of the form:
which follows well the typical shape we observe for the curve. The fits for the previously discussed example cases are shown in Fig. 5b,d ,f. These fits allow us to summarize both the rate of change of the value of the initial years (through α) and find the final plateau value (through β). Therefore, α can be used to measure the rate at which one group shares its knowledge with other groups that are close to it, and β instead represents the intrinsic "conservativeness" of a group and the other groups related to it, i.e. the amount of knowledge retained within the boundaries of the group itself in medium time scales. In order to provide an easier metric for the exponential decay, we introduce a related parameter called halflife t 1/2 defined as the time required to lose half of the possible plateau value. That is by solving
we get the conventional definition of half-life:
C. t 1/2 and β in the data
With the above-mentioned ideas on summarizing the diffusion processes in mind, we can put together information about all the possible initial times and fields, subfields, and journals. Table II shows the values for the half-lives, t 1/2 s, and plateau values, βs, in 1970 and 1995. We can see that in general there is a decreasing trend for half-lives while the plateau value β instead shows a much more stable pattern.
Some of the individual fields display interesting patterns. The field of multidisciplinary has the lowest halflife for both starting years, coherently with the fact that it is meant to be a field open to sharing its knowledge with others. However, its change in β is positive and the second highest (behind music).
This could indicate that multidisciplinary might have become a field of its own, which can retain random walkers within itself for long periods of time. This observation is coherent with the evidence that shows the increasing role of interdisciplinarity in science [35, 39, 43, 45] . It is also interesting to note that while in 1970 some humanistic fields show very high values for their half-lives, e.g. (philosophy, history, anthropology, literature, and linguistics), these fields also show some of the highest changes in time, putting them much closer to hard sciences these days than they were before.
A more systematic observation on the changes in the speed of the diffusion process is shown in Fig. 6(a,c,e) which displays the change of half-lives for a set of fields and changes in the distributions of half-lives for all subfields and journals. All of the fields show a speeding-up pattern, losing between 20 and 60 percent of their half-life values, while for subfields and journals the more recent cumulative distributions of half-lives are above the older ones, showing that the values have in general decreased.
D. Renormalizing the time
Previous studies show [36] that the time as such may not be the best choice for measuring the rate at which changes happen in science, but instead use the numbers of papers published as the measure of progress. In other words, science can be considered to be "updated" every time a new publication is introduced in the system, and the count of such updates is a better measure of "progress" in science than simply the time elapsed.
As the number of publications per year N (t) grows exponentially, one would theoretically expect that the functional form of the exponential decay given by 5 would have to be adjusted when measuring time in terms of published papers. However, as the growth rate of yearly publication number is sufficiently small N (t) ≈ N 0 e δt with δ ∼ 0.05 (year −1 ) across all the fields, we can approximate this exponential growth by a simple, linear function e δt ≈ (1 + δt) for the span of time t that we consider. This allows us to use the functional forms given by Eq. 5 also for fitting the half-lives t 1 2 and the asymptotic fractions β when the time is measured in terms of published papers.
Hence we are able to follow the earlier procedure we applied to real time and quantify the half-lives in terms of the numbers of published papers. We chose to use the number of published papers in each field as a unit of time for the fields, while for the subfields and journals we used the data from all scientific publications.
In Fig.6b,d ,f we show the half-lives that are fitted in terms of published papers. Interestingly, now the halflives do not in general decrease as a function of the publication year as only chemistry shows such a clearly decreasing pattern. The other fields, instead, either remain constant or show a significant increase in their half-lives over time. A very similar result can be seen in the half-life distributions for subfields and journals, which are shifted to higher numbers of papers as the initial time increases. That is, these results suggest that the growth in the speed of diffusion can be explained by the increase in the rate at which publications are published.
IV. DISCUSSION AND CONCLUSIONS
Ever since bibliometric data of scientific publications have been available, there has been efforts to analyse such data with the goal of quantifying scientific research. The dominant framework has been to use the counts of direct citations between publications, journal, and research fields in order to quantify the relationships between them, and, for example, to rank authors [22] , publications [17] , universities [46] , and institutions [8] . As these methods work reasonably well [2] , and apart from few exceptions [12, 41] , the improvements of these methods have been correcting technical flaws [15, 44] . However, most of the previous research has ignored the intrinsic conceptual issue of methods based on just counting citations: they ignore the fact that scientific publications are not only based on the information created in the publications they cite, but on the whole body of literature underneath this first layer of publications.
We have introduced two simple methods to analyse how the knowledge created in a publication, or in a group of publications, might percolate through the scientific literature. This approach follows the tradition of modelling the dynamics on networks, where a real observed network is used as a substrate where the progress of a stylized model is tracked. This approach has been extensively used in network science to study epidemic spreading [37] and social dynamics [11] . In all of these cases, the models are not expected to exactly mimic the real behaviour, but the goal is to reproduce the behaviour in the large scale with an accuracy that is enough to make at least qualitative statements about the system. Our goal in this work 1970 1980 1990 t 0 (year) was to explore this approach in knowledge spreading in citation networks. The first of our two measures, persistent influence, is based on the idea of papers inheriting the knowledge of papers they cite, i.e., the "shoulders" on which they stand. As a consequence, a paper can influence later papers through chains of citations. As expected, the outdegree, in other words the direct citation count, is positively correlated with the persistent influence, but we also observe that papers that are similar in publication date and citation count can have a wide range of the persistent influence values. In our simulations we have found publications that have several orders of magnitude higher influence values than papers with similar numbers of citations. This finding suggests that there are publications for which the citation count can be a poor proxy for tracking the global cumulative influence.
We tested the hypothesis that the discrepancies in the citation counts and global persistent influence values are not meaningful but simply noise added by the global process, and to do this we used papers associated with Nobel Prizes as a manually curated corpus for presumably high influence on science. We found a significant overperformance in terms of the persistent influence by the Nobel papers when compared to the publications with similar intial citation counts and publication dates. Thus the indirect influence (i.e., the persistent influence) and direct influence (i.e., the citation count) seem to capture different aspects of the influence of a publication. Furthermore, we looked at the papers that have the greatest increase in rank while switching from the local to the global scenario, and found that these papers are often early publications in the fields that would later become hot topics of their time in the scientific world.
The second modelling approach we employed was a simple diffusion method. We focused on analysing the rate of diffusion of knowledge across the fields, subfields, and journals. We summarized the curves describing the loss of diffusing knowledge to other fields, subfields, and journals by an exponential decay function that reaches a plateau value. Each starting time and set of seed publications can thus be described by a plateau value of the retained knowledge β and by a typical time required t 1/2 to share half of the available knowledge. We found that β varies heavily across disciplines, yet remaining constant in time, while the values for the half-life, t 1/2 , have been steadily decreasing, suggesting an increase in the interdisciplinarity of research. However, we showed that the faster sharing of information could be explained by the increase in the rate at which publications are produced.
One crucial difference between the diffusion and persistence influence models is that in the diffusion model the total amount of knowledge created in some publication is conserved across papers citing it, whereas in the persistent influence model the knowledge is allowed to "duplicate" across papers. Given that there is no reason why many publications could not contain a same piece of knowledge, out of these two models the persistent influence approach is likely to provide a more realistic picture of how knowledge spreads in citation networks. The diffusion on the other hand could be considered as more of a theoretical tool to understand the structure of the citation networks.
The work done here forms a basis for future possibilities of the model-based approaches to track global knowledge spreading in citation networks. For example, more detailed look at the long-term destinations of influence starting from various sources could bring interesting results. Note also that nothing would stop one, to introduce the initial persistent influence to a group of papers (instead of a single publication) similar to the diffusion process, and repeat the type of analysis done here for fields, subfields and journals using the persistent influence model. Furthermore, one can easily reverse the tracking direction of the persistent influence model and investigate which publications, or groups of publications, in the history have influenced individual papers. One can also make the influence spreading more realistic with the cost of increasing the complexity of the model. For example, the amount of knowledge created by each publication can be added as a parameter, which will effectively work as a damping factor that will decrease the influence of very long chains of citations.
We have introduced relatively simple methods to analyse the spreading of knowledge in citation networks at a global scale, and shown that these methods can lead to significantly different results than what can be obtained by using the local approach. With more and more bibliometric data being available, we hope that our findings will encourage future work to analyse science for what it is and has always been: a cumulative process that builds over time in which the successes in scientific discoveries are built on chains of previous successes.
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We used data from the Science Citation Index Ex- We use the data set that consists of all publications (publications and reviews) written in English from the year 1898 till the end of 2013, included in the database of the Thomson Reuters (TR) and now Clarivate Analytics' Web of Science. The data set contains a journal assignment for most publications and most journals are further assigned to one or more subfields. We filter out publications and journals for which this information is not available, which leaves us around 35 million publications in around 15 thousand scientific journals. We further map the subfields of the publications into major scientific fields as in Ref. [36] .
We use the set of citations between the filtered publications to construct a network where there is a link from citing publication to the cited publication. We use the publication time information to remove links where the date of the cited publication is equal or later than the date of the citing publication. In total we remove 1.7% of the links this way, and we are left with a citation network without any cycles, i.e., a directed acyclic graph. To avoid boundary effects for the latest publications, for which most publications citing them are not in our data set, we only consider the nodes in the citation network until the year 2008. Previous literature [29] shows that the typical life cycle of a publication in terms of citation is completed within 5 years from date of publication.
Because the data used here ends in 2013, limiting our attention to publications published until 2008 minimizes the boundary effects originating from the missing data on future publications.
Appendix B: Alternative diffusion methods
We also tested assigning initial values asymmetrically by looking at how many citations each paper has received in the first 5 years (plus one, to take care of citationless papers): (1+Cj (t<5) . This count acts as a proxy of how successful the paper has been in general, but this alternative initialization strategy resulted in qualitatively similar results to the more simple strategy and we do not show these results here.
Similar to the initialization of the diffusion process, we tried out two different ways of selecting the probabilities that the random walker uses to follow citations to the future. In the simple case the walker jumps from the cited publication to each citing publication with the same probability, and in the other case the random walker preferentially chooses publications that receive more citations in the coming five years C i (t < 5). This is equivalent to setting the weight w ij of each link from paper i to a citing paper j to one of the two values:
The results for both processes are similar and here we only show them for the simpler process. For technical details of how the process was made computationally tractable and implemented see Appendix C.
Appendix C: Computational considerations
In order to implement both the diffusion and influence algorithms we had to organize the citation network in Directed Acyclic Graphs (DAGs), as mentioned in the Data Description section. After this it was necessary to order the nodes in topological order, which guarantees that for every directed edge connecting paper i (the citing paper and j (the cited paper), j comes before i. Such ordering should, in principle, correspond with the time stamp of the publication. However, for older papers the topological ordering of the publications could not be resolved using publication dates, as only year information was available. Therefore, we took advantage of the fact that papers published in earlier years are bound to have a lower rank in the order. Thus we built yearly citation networks and ordered them topologically, starting from the oldest one. We then proceeded to arrange the nodes topologically within the year network, building the overall topological order adding one layer of publications at a time. Once a topological ordering of the nodes was created, we built a topological ordering for the edges, sorting them by topological order of the cited paper. When looping through the topologically sorted edge-list, this ordering guarantees that each paper has collected all the value/influence upstream before pushing its own forward, and that all value/influence contained by the paper is pushed forward to the citing papers at once. Further, this ordering allowed us to loop through the edge-list only once and to control the start and end of the pushing process by checking for each edge that the topological ordering values of each paper lie within the year bounds.
In order to implement the diffusion process, we have chosen as seeds the set of all papers being published in the same field in the same year y start . By doing this we are able to select a very coherent set of papers both in terms of subject and time. Once the system has been initialized, the next step is to choose a final year y end as the year in at which we will stop pushing values forward. Hence we loop through the node-list of all scientific papers in our dataset published between y start and y end −1 arranged in topological order to initialize the weights for each node. We consider only links to neighbours that point to papers published before y end . Once the weights for the diffusion process have been initialized we can push the value of each node by looping again through the nodelist in by topological order, which guarantees that no value is ever pushed from a node before the same node has collected all the previous values available. The pushing starts from y start and stops in y end − 1 but spreads to papers published all the way to y end , without pushing any value within y end . This means that we consider as leaf nodes of the system only the first papers to receive value in the final year, as receiving citations in the first year is somewhat hard to obtain (it heavily depends on the month of publication) and one single citation might steal all its value from another paper. In case of the existence of a sink (i.e. an uncited node) in previous years, we also consider it being part of the final year. However, only a small fraction of nodes remain uncited until 2008, with most papers being only temporary sinks. This means that the almost all of the value is pushed along, with little risk of it being trapped in sinks along the way.
After the pushing has ended we can collect all the values that are left not pushed in the system. Since the pushing has been carried out by following the topological order of the whole graph, this is simply accomplished by not storing permanently the value of any node that appears in the first column of the edge-list as by definition they will necessarily get rid of all their values. Also, by construction the sum of the values of all the leaves equal one. It is important to notice that in order to collect the data between say 1990 and 2008 one needs to repeat the pushing process for each y end between those years, since the network initialized is different each time. This means that when we collect the data in a certain year, we do not consider what happened in the future (except the 5 year citation proxy). If we were to collect the data in middle years while pushing the values directly to the last year, we would be including links to recent papers that would steal value from the middle years, thus altering the renormalization factor. The data collection, like the data initialization, can be done on paper, journal, subfield and field level.
In Fig. 1 we show an example of the diffusion process and the data collection. We can see that the method explained the previous paragraph causes the intermediate values (e.g. the values of the first time interval in Fig. 1 ) to be modified when the process is run for more recent years. This is because, new publications and their links to older links cause a change in the link weights computed using Eq. 1.
